Abstract: This paper conducts a USDTRY rate forecast by ARIMA method using 3,069 daily observations between the dates of 3 January 2005 and 8 March 2017 and generates both long-term and short-term models. Existing works related to USDTRY rate forecast using ARIMA method generate static models, and none of them conduct multi-step prediction or out of sample fit. The work described in this paper, however, applies dynamic model generation and conducts multi-step ahead prediction for out of sample observations. In forecasts performed in this work for USDTRY rate, the shortterm ARIMAs outperform the long-term ARIMAs in predicting accuracy. Specifically, for the short-term ARIMAs appropriate specification is raised as ARIMA (2,1,0); on the other hand, for the long-term ARIMAs, the best order is emerged as ARIMA (0,1,1).
Introduction
Foreign exchange rate determines the price of a currency unit, relative to another currency unit. Because every international economic transaction necessitates using foreign currency, it is vital to predict future values of exchange rate for almost every economic agent, especially for the corporations and the governments.
It is also important for a trader to predict the future values of an exchange rate as foreign exchange rates are traded in Foreign Exchange Markets (FXs) with the intention of gaining profit. The idea in this practice is simple, buying low and selling high. 
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PUBLIC INTEREST STATEMENT
Being a candidate country to the European Union and being an emerging economy at the same time, Turkey is a hub for all the investors around the world, especially for the Europeans. In this respect, predictability of Turkish lira has a vital importance to them. Considering these challenges, we try to predict exchange rate of USDTRY by one of the best-known time series forecasting method, namely ARIMA. This work is the sixth of the researches which dealt with USDTRY rate forecasting by ARIMA method. Moreover, the paper is the second study which is written in English in this field. By this way, we bring academic community in current Turkish literature written in this subject. Besides, this study suggests using dynamic and renewed models for every step prediction instead of using static models only, for ARIMA method.
One of the methods for predicting future values of exchange rate is using time series analysis. In their seminal work, Box and Jenkins (1970) identify a procedure for time series forecasting, namely autoregressive integrated moving average (ARIMA) approach which includes model identification, parameter estimation and model checking.
On the other hand, as it is stated by the studies of Zhang (2003) and Pai and Lin (2005) , there are limitations of ARIMA method such as pre-assumed linear form of the model. As it is specifically argued by Zhang (2003) , the approximation of linearity does not give satisfactory conclusions for realworld problems, in other words ARIMA cannot properly account for the non-linear patterns of data. This means, when ARIMA method is implied in highly volatile time series, forecasting results can lack of accuracy. Considering this drawback, hybrid models such as combination of ARIMA and artificial neural network (ANN) is proposed because of their capabilities of fitting non-linear data better than ARIMA method. Such hybrid models contain ability of machine learning methods (MLM) to be applied in non-linear data.
Although the latest study of Hsu, Lessmann, Sung, Ma, and Johnson (2016) discuss the supremacy of MLM (such as ANN and support vector machines) over econometric methods (EM) (such as ARIMA or generalized autoregressive conditional heteroskedasticity-GARCH) in time series prediction, and conclude with investigating 30 researches done not only in FX markets but also in other financial markets that the best MLM outperform the best EM, the work of Babu and Reddy (2015) shows up as an exception. They conclude that ARIMA model surpasses ANN and fuzzy neuron (FN) in predicting Indian rupee against the major currencies. Hence, as it is highlighted by the study of Babu and Reddy (2015) , ARIMA method has still a significance in applying on exchange rates.
In this framework, while being aware of the limitation of linearity assumption for ARIMA method, we aim to forecast United State dollar/Turkish lira (USDTRY) rate using observations between the dates of 3 January 2005 and 8 March 2017 and to forecast both long-and short-term pattern using 3,039 daily observations for long-term models (LTM) and using 119 daily observations for short-term models (STM).
The rest of the paper is organized as follows. Section 2 reviews the current literature about USDTRY rate and about other exchange rate forecasting which use ARIMA method, Section 3 briefly explain the ARIMA method, Section 4 analyses the data by making necessary transformation of the series and by conducting required tests, Section 5 analyse and ensure the stationary condition, Section 6 specifies the models and makes predictions, Section 7 discusses the results and, finally, Section 8 provides the conclusion.
Related works
Related works for USDTRY rate forecasting using ARIMA method
To the best of our knowledge there are few studies related to USDTRY rate forecasting using ARIMA method. Bircan and Karagoz (2003) analyse monthly average price of USDTRY using 132 monthly observations between the date of January 1991 and December 2002. They estimate an ARIMA model with (2,1,1) order and conclude that ARIMA method is appropriate for USDTRY forecasting. Kadilar, Şimşek, and Aladağ (2009) find the most appropriate model as ARIMA (0,0,1) (0,0,1)6 using weekly rates of USDTRY between the dates of 3 January 2005 and 28 January 2008 with 160 observations. Vergil and Özkan (2007) compare the success of ARIMA model against monetary model (MM) by fitting the USDTRY rate with the monthly observations taken from the dates between January 1980 and July 2001. By reaching ARIMA (3,1,2) as the appropriate specification, they conclude ARIMA is more efficient in fitting USDTRY rate compared to MM. Kaynar and Taştan (2009) , taking the observations both daily and monthly between the dates of January 2000 and June 2008 find the best model for the former as ARIMA (2,1,0) and for the later as ARIMA (0,1,1).
Özkan (2011), using 338 monthly observations for the years of 1986 and 2010 compares three model including ARIMA, ANN and conjunctural model (CM). Although, she does not state the specification of generated ARIMA model, concludes that ANN is the most successful method for predicting USDTRY rate.
None of the literature specified above, however, makes one or multi step ahead prediction for out of sample observations. On the contrary, they just evaluate the generated models with the observations used also for generating the model. Yao and Tan (2000) Babu and Reddy (2015) compare the methods of ARIMA, ANN and fuzzy systems on 1,284 daily observations of United State dollar/Indian rupee (USDINR), British pound/Indian rupee (GBPINR), European Union currency/Indian rupee (EURINR), Japanese yen/Indian rupee (JPYINR) between the dates of January 2010 and April 2015. They generate models of ARIMA (1,1,0), ARIMA (0,1,1), ARIMA (1,1,1), ARIMA (2,1,0), ARIMA (0,1,2) and ARIMA (2,1,2) respective to mentioned exchange rates, and conclude that ARIMA gives more significant results than ANN and fuzzy systems.
Related works for other currency rates forecasting using ARIMA method
ARIMA method
In able to forecast a time series, stationarity must be fulfilled. Required conditions for a weakly stationary time series are a time-independent mean, E(z t ) = , and a constant variance between the consecutive observations, Cov z t , z t− = .
where p-parameter autoregressive AR(p) model can be illustrated as (1), while q-parameter moving average MA(q) model can be formulized as (2), thus an ARMA (p, q) model can be represented as (3).
If original series is not stationary, transformation such as differencing should be applied. If stationary is ensured after differencing at series' first level this means the original series has one unit root. This is defined as I (1), for levels more than 1 it is defined as "d". In this case, the model specification is stated as ARIMA (p, d, q) as (4).
Data
Descriptive statistics
Original data are taken from the web site of Central Bank of Turkey (CBRT). The data include 3,069 observations of daily ask price of USDTRY between the dates of 3 January 2005 and 8 March 2017.
A total of 3,069 observations are used generating the LTM and the subsample (2,921 and 3,069th) of the total data are used generating the STM.
On the propose of performing routine time series transformation we follow these steps; original series (Price of USDTRY) is represented as P t , natural logarithm of the price is taken as lnP t and natural logarithmic return is transformed as r t = lnP t − lnP t + 1 . Because, we aim to generate two different models as LTM and STM, six different series are created, namely P (LTM)t , lnP (LTM)t , r (LTM)t , P (STM)t , lnP (STM) and r (STM)t (Table 1) . Figure 1 depicts the graph of LTM series against time. For, P (LTM)t clear up trend is apparent starting from the third quarter of 2008 to beginning of 2017. After, taking natural logarithm of the P (LTM)t , the range between the first value and the last value is got smaller. r (STM)t series; on the other hand, shows a random behaviour with volatility clustering.
(1) Figure 2 demonstrates the graph of STM series against time. There is also a rising trend with the beginning of October 2016 through the 2017 for P (STM)t . As for r (STM)t , volatility is also observable.
Stationarity
To examine stationarity augmented Dickey-Fuller (ADF) (Dickey & Fuller, 1981) test is performed for the series of LTM and STM. Because P t and lnP t series of both LTM and STM show a clear uptrend, trend parameter is added to ADF Equations (5), however, test of ADF for r t series of both LTM and STM executed with unit root model (6).
Hypotheses are created as follows: "H 0 = The series is stationary" and the alternative, "H a = The series is not stationary", considering Table 2 . As for P (LTM)t , lnP (LTM)t , P (STM)t and lnP (STM)t , because a 1 values of the models greater than the "DF test statistics", null hypothesis is rejected. While, because δ values of r (LTM)t and r (STM)t are bigger than "DF test statistics" in absolute values null hypothesis are not 
Figure 2. Time plots of P (STM)t , lnP (STM)t , r (STM)t.
rejected that implies r (LTM)t and r (STM)t are stationary. After stationarity is ensured for both lnP (LTM)t and lnP (STM)t at their first differences as r (LTM)t and r (STM)t series, modelling is performed.
Model specification and application
There are various ways of order determination suggested in the literature. However, these methods are mostly subjective. In other words, for the same data, different diagnostic methods determinate different order numbers. Considering this drawback, a trial and error learning approach is adopted, hence both for lnP (LTM)t and lnP (STM)t , 30 renewed models of ARIMA (1,1,0), ARIMA (2,1,0), ARIMA (0,1,1), ARIMA (0,1,2), ARIMA (1,1,1), ARIMA (2,1,1), ARIMA (1,1,2) and ARIMA (2,1,2) are generated in a dynamic manner.
Straightforwardly, the first LTM is generated using the observations between 1st and 3,040th for predicting 3,041st value and, by following the same practice, the last LTM is generated using the observation between 30th and 3,069th for predicting 3,070th value. The same dynamic manner is performed for STMs. For the first STM with the intention of predicting 3,041st value, observations between 2,921st and 3,040th are used and by following the same practice again, for the last STM with the aim of predicting 3,070th value, observations between 2,960th and 3,069th are used. To find best-performing model, a simple method, namely average absolute deviations is applied. Thus, predicted values of the series subtracted from the actual value in the absolute value operator and divided to 30. Results of this process are interpreted as "the minimum valued model outperforms the other models". Table 3 suggests ARIMA (0,1,1) LTM is the best-performing model among eight models. Figure 3 depicts the performance of ARIMA (0,1,1) LTM by graphing predicted values relative to actual values of USDTRY rate between the dates of 27 of January in 2017. All the predictions made by LTMs versus actual price (AP) can be found at Appendix 1.
On the other hand, for the STMs, according to Table 4 ARIMA (0,1,1) STM accounts for the minimum value of average absolute deviation, which means ARIMA (2,1,0) STM is the best model. Figure 4 reflects actual values related to predicted values of ARIMA (2,1,0) STM . All the predictions made by STMs versus AP can be found at Appendix 2. 
Results and discussion
In study of Yao and Tan (2000) which concludes that results of ANN models are better than ARIMA models, ARIMA (1,0,1) and ARIMA (2,0,2) of USDJPY, USDDM, USDGBP, USDCHF, USDAUD rates are generated. However, it is not indicated whether the data are stationary or not.
Zhang (2003) executes forecasts of 1, 6 and 12 months for GBPUSD observations, in both time horizons hybrid model is better than ANN and ARIMA. They find that best ARIMA model for GBPUSD model is random walk.
In the study of Kaynar and Taştan (2009) , it is found that ARIMA (2,1,0) is suitable for daily data which are taken between the dates of January 2000 and June 2008. This is not coincide with our study as it states the best model of long term is ARIMA (0,1,1).
Steve (2012), finds that ARIMA (1,0,0) is appropriate model for NGNUSD rate in the period between 1982 and 2011, without indicating type of the observation (daily or weekly) and without performing any prediction.
The work of Maria and Eva (2011) worth comparing with our study, as it investigates currency of a developing country, namely Romania. They find the best specification for RONUSD as ARIMA (1,0,0) model. Because, the study considers 80 daily observations, the model can be specified as short term. In this regard, we can compare it our best-performing STM which is ARIMA (2,1,0) STM . What is interesting about Maria & Eva's model for RONUSD is that their model's p-value is 0.
The research of Babu and Reddy (2015) is interesting for two aspects. Firstly, because India resembles in Turkey for its being an emerging market. Secondly, their study concludes that being a linear model ARIMA surpasses non-linear methods such as ANN and FN. When we compared their study with ours, it can be said that with 1,284 observations their ARIMA model come right in the middle of our STM (109 observations) and LTM (3,039 observations). They conclude that ARIMA (1,1,1) is the best for modelling USDINR, GBPINR and JPYINR and ARIMA (1,1,0) is the best for modelling EURINR.
Professionals such as traders, financial managers and policy-makers often need to foresee value of exchange rates for deciding trade activities, hedging their liabilities and planning public policy. In this context, they rely on various forecasting methods.
Although when the results of this study are compared to the literature dealt with exchange rate forecasting by ARIMA method some differences observed, this study reveals that while using ARIMA method, professionals should consider that there is a tendency for short-term models to produce more sound results than long-term models for exchange rate prediction.
Besides, this study suggests using dynamic and renewed models for every step prediction instead of using static models only, for ARIMA method.
Conclusion
Using daily values of USDTRY rate, eight different ARIMA models are generated in a dynamic manner with 30 renewed (hence updated) models for both LTM and STM. Among these models the predictions sets of 30 renewed ARIMA (0,1,1) LTM models have performed better, for STMs, however, predictions made by 30 renewed sets of ARIMA (2,1,0) STM outperformed the others.
Moreover, ARIMA (2,1,0) STM has showed better performance than ARIMA (0,1,1) LTM . This means ARIMA method is more effective in short-term prediction for USDTRY rate. 
